Purpose: Benign and malignant tumors can be classified by using texture analysis of the ultrasound B-scan image to describe the variation in the echogenicity of scatterers. The recently proposed ultrasonic Nakagami parametric image has also been used to detect the concentrations and arrangements of scatterers for tumor characterization applications. B-scan-based texture analysis and the Nakagami parametric image are functionally complementary in ultrasonic tissue characterizations and this study aimed to combine these methods in order to improve the ability to characterize breast tumors. Methods: To validate this concept, radio-frequency data obtained from 130 clinical cases were used to construct the texture-feature parametric image and the Nakagami parametric image. Four texturefeature parameters based on a gray-level co-occurrence matrix ͑homogeneity, contrast, energy, and variance͒ and the Nakagami parameters of the benign and malignant tumors were calculated. The usefulness of an individual parameter was determined and scatter graphs indicated the relationship between two selected texture-feature parameters. Fisher's linear discriminant analysis was used to combine the selected texture-feature parameters with the Nakagami parameter. The performance in classifying tumors was evaluated based on the receiver operating characteristic curve. Results: The results indicated that there is a trade-off between sensitivity and specificity when using an individual texture-feature parameter or when combining two such correlated parameters to discriminate benign and malignant cases. However, the best performance was obtained when combining selected texture-feature parameters with the Nakagami parameter. Conclusions: The study findings suggest that combining B-scan-based texture analysis and the Nakagami parametric image could improve the ability to classify benign and malignant breast tumors.
I. INTRODUCTION
Breast cancer is the most common cancer among women worldwide. Mammography can very sensitively detect breast cancers, but the type of breast lesion cannot always be defined due to the problem of overlapping normal tissue in dense breasts. Hence, supplementary ultrasound findings can help when attempting to accurately determine the morphology of a breast lesion.
1,2 Furthermore, ultrasound imaging has advantages such as its use of nonionizing radiation, noninvasiveness, real-time display, and comparatively low cost.
With the aim of improving the diagnosis and characterization of breast lesions, computer-aided diagnosis based on the ultrasound B-scan image has been widely explored and applied to the classification of benign and malignant tumors.
Texture analysis of the B-scan image is a critical computer-aided diagnosis method for classifying benign and malignant breast tumors. [5] [6] [7] This is because a breast ultrasound B-scan image consists of different values of the graylevel intensity and specifically different scatterer properties have different echo textures. In general, benign lesions typically manifest as homogeneous internal echoes on breast ultrasound images, whereas malignant lesions appear as heterogeneous internal echoes. Thus, texture-based analysis quantifies the tissue properties based on the spatial model employed to measure the interaction and to model the organization of the pixels that form the ultrasound image, which reflect the correlation among pixels within the ultrasound image. Although several texture-feature parameters have been studied, the most common ones are those extracted from the gray-level co-occurrence matrix ͑GLCM͒. [8] [9] [10] [11] At least 14 parameters can be calculated from the GLCM, but only a few of these have been found useful for distinguishing benign and malignant tumors in breast ultrasound. It should be noted that texture analysis is based on the spatial analysis of the gray levels in B-scan images and hence the results can be greatly influenced by the imaging processes, system settings, and user operations. 12, 13 In attempts to avoid the confounding effects of system and operator parameters, many studies have analyzed the radio-frequency data of ultrasonic backscattering from tumors to characterize breast tissue. It is worth noting that the backscattered signals can be treated as random signals. Thus, modeling their probability density function with appropriate statistical distributions can reflect the backscattering properties, which are dependent on the size, density, arrangement, and other properties of scatterers in tissues. [14] [15] [16] Recall that the Nakagami distribution has been widely used as a general model for describing backscattered signals exhibiting varying statistics. [17] [18] [19] The Nakagami parametric image based on the Nakagami statistical model has also been shown to be useful for discriminating between benign and malignant breast tumors. [20] [21] [22] When the same ultrasound system is used, the Nakagami parametric image is less affected by different operators and system factors that are associated with changes in the signal amplitude ͑e.g., system gain or dynamic range͒ because the Nakagami parameter is dependent only on the shape of the statistical distribution of the backscattered signal. Ultrasonic tissue characterization involves the ultrasoundbased assessment of quantitative information about the characteristics of biological tissues. 23 As shown in Fig. 1 , information about attenuation, backscattering, and texture can reflect the absorption, scattering, and structure in ultrasonic tissue characterization. It is interesting to exploit the physical characteristics of feature type for better classifying breast tumors. Therefore, the similarities and differences of B-scanbased texture analysis and the Nakagami parametric image could be investigated. One similarity is that both texture analysis and the Nakagami parametric image are based on calculations involving signals backscattered from tissues, which make them useful for evaluating the scatterer properties in a breast tumor. One difference is that these two methods can have different physical meanings. B-scan imaging is based on the log-compressed intensity of the backscattered signals, which is determined by acoustic-impedance mismatches between interfaces. Some studies have indicated that the log-compression operation performed when digitizing images stored in an analog video format qualitatively changes the speckle statistics. 24, 25 Therefore, texture analysis mainly describes the similarity and correlation among the acquired image pixels, reflecting the variation in the structural echogenicity of a tumor. In contrast, the Nakagami parametric image reflects the statistical distribution of the backscattered signals, which is determined by the concentrations and arrangements of scatterers within a scattering medium. Therefore, B-scan-based texture analysis and the Nakagami parametric image are functionally complementary for scatterer characterization and hence combining them can provide more clues and more detailed information for tissue characterizations when attempting to classify benign and malignant breast tumors.
II. MATERIALS AND METHODS

II.A. Data acquisition
Breast ultrasound images were acquired using a portable ultrasound scanner ͑model 3000, Terason, Burlington, MA͒. The employed probe was a wideband linear array with a central frequency of 7.5 MHz, comprising 128 elements. The axial resolution was 0.4 mm and the lateral resolution was 0.6 mm. The pixel size of the B-scan image was 0.09 mm. This study was approved by the Institutional Review Board of National Taiwan University Hospital and all the included patients had signed informed consent forms.
In our database, most lesions are solid breast masses and can be classified using the breast imaging reporting and data system into three classes: Category 3 ͑probable benign lesions͒, category 4 ͑suspicious lesions͒, and category 5 ͑highly suspicious lesions͒. The 130 ultrasound images were of solid breast tumors, comprising 65 benign tumors ͑47 fibroadenomas, 13 fibrocystic lesions, and 5 phyllodes tumors͒ and 65 invasive carcinomas ͑63 invasive ductal carcinomas and 2 intraductal papillary carcinomas͒. The ages of the patients ranged from 24 to 78 years. The images were captured when these patients were examined using breast ultrasound in order to guide diagnostic procedures such as fine-needle aspiration or core needle biopsies. The database contained only one image showing the largest diameter of the breast tumor for each patient and the contour of the tumor was determined manually by a breast surgeon familiar with breast ultrasound interpretation.
II.B. Texture-feature parametric imaging
The texture analysis was based on a GLCM derived from the angular relationship between neighboring pixels as well as the distance between them. Co͑i , j ͉ d , ͒ represents the number of transitions between gray levels i and j to describe the frequency of occurrence of two pixels that are separated by distance d in direction and the normalized Co͑i , j ͉ d , ͒ could provide the relative frequency or the probability of gray-level transitions according to
where K is the total number of gray-level transitions in the co-occurrence matrix.
In this study, gray-level B-scan images were digitized at 8-bit resolution. In addition, possible directional bias was avoided by using four matrices obtained in different directions ͑ = 0°, 45°, 90°, and 135°͒. We selected the homogeneity ͑HOM͒, contrast ͑CON͒, energy ͑ENE͒, and variance ͑VAR͒ of the texture-feature parameters described by Haralick et al. 26 These measures are defined below. HOM is associated with pixel pairs. The incidence of cooccurrence of pixel pairs is higher when their gray-level values are closer, which increases the HOM value
where N g is the number of gray-level values in the B-scan image. CON is closely related to the difference between the lowest and highest values of a set of pixels. Therefore, the CON value is low for a locally homogeneous block
ENE measures pixel-pair repetitions and is defined by the frequency of gray-level transitions to the power of 2
VAR describes the degree of heterogeneity and is closely related to the standard deviation. A higher VAR indicates that the gray-level values differ more from their global means ͑but not necessarily from those of adjacent pixels͒
Images from texture-feature parametric imaging of a fibroadenoma. ͑a͒ B-scan image ͑the tumor contour is indicated by a manually drawn white solid line͒. ͑b͒ Texture-feature parametric images using the HOM, CON, ENE, and VAR. ͑c͒ Total number of pixels inside the tumor on the texture-feature parametric image.
Texture-feature parametric imaging employed a 13 ϫ 13 pixel sliding window within the gray-level B-scan image to analyze each local texture-feature parameter. Note that the selected window size was larger than the speckle and could distinguish variations of the local structure in tumors. The window was moved through the entire gray-level B-scan image in steps of 1 pixel, with the local texture-feature parameter assigned as the new pixel located at the center of the window at each position. This process yielded the texturefeature parametric image as the map of texture-feature values. Two examples from our database ͑a fibroadenoma and an invasive ductal carcinoma͒ are shown in Figs. 2 and 3, respectively. The contour of the breast tumor was extracted manually from the corresponding B-scan image to obtain each texture-feature parametric image ͓exemplified by Figs. 2͑b͒ and 3͑b͔͒ and the averaged parameter was calculated for the entire internal region of the tumor, as shown in Figs. 2͑c͒ and 3͑c͒.
II.C. Nakagami parametric imaging
The probability density function of ultrasonic backscattered envelope R under the Nakagami statistical model is given by 18, 19 
where r corresponds to the possible values for random variable R of the backscattered envelopes, and ⌫͑ . ͒ and U͑ . ͒ are the gamma and unit step functions, respectively. Let E͑ . ͒ denote the statistical mean; then scaling parameter ⍀ and Nakagami parameter m associated with the Nakagami distribution can be, respectively, obtained from
The Nakagami parameter is a shape parameter determined by the pdf of the backscattered envelope. When it varies from 0 to 1, this corresponds to the envelope statistics changing from a pre-Rayleigh to a Rayleigh distribution and the backscattering statistics conform to a post-Rayleigh distribution when m is larger than 1. More specifically, the Nakagami parametric image is constructed from the Nakagamiparameter map, which is obtained by using a square sliding window to process the raw envelope image ͓Figs. 4͑a͒ and 5͑a͔͒. Figures 4͑b͒ and 5͑b͒ show the Nakagami parametric images of a fibroadenoma and an invasive ductal carcinoma, respectively. The results obtained in previous studies suggest that the most appropriate sliding window for constructing the Nakagami parametric image is a square with a side length equal to three times the pulse length of the incident ultrasound. 20 A pseudocolor scale was applied to emphasize the information in the Nakagami parametric image. Nakagami parameters smaller than 1 were assigned blue shading that changed from dark to light with increasing value, signifying that the backscattered envelope conformed to various degrees of a pre-Rayleigh distribution. A value of 1 was shaded white to indicate the Rayleigh distribution and those larger than 1 were assigned red shading that changed from dark to light with increasing value, indicating backscattering statistics conforming to various degrees of a post-Rayleigh distribution. Finally, the tumor contour was outlined manually from the corresponding B-scan image onto the Nakagami parametric image and the average pixel value in the Nakagami parametric image inside the tumor contour was calculated, as shown in Figs. 4͑c͒ and 5͑c͒. 
II.D. Statistical parameter assessment
The t-test was used to assess the statistical significance of differences in values of each parameter between benign and malignant tumors. A difference was assumed to be statistically significant when its probability value was less than 0.05. We also adopted the Holm-Bonferroni method to adjust the significance level when comparing the probability values. 27 The optimal features to use were selected by using scatter graphs to visually display the strength and type of the relationship between pairs of selected texture-feature parameters. 28 Positive and negative correlations appeared on the scatter graphs as positive and negative slopes, respectively. Then, Fisher's linear discriminant analysis ͑FLDA͒ was used to combine selected texture-feature parameters with the Nakagami parameter for classifying benign and malignant breast tumors. 29 In this study, a self-consistency test was used to verify the performance of FLDA. The performance was assessed using receiver operating characteristic ͑ROC͒ curve analysis and was quantified as follows. 30 The accuracy indicated the proximity of a measured value to the true value. The sensitivity measured the proportion of positive results, such as the percentage of patients who were correctly identified as having malignant breast tumors, while the specificity measured the proportion of negative results and the percentage of patients who were correctly identified as having benign breast tumors. In a ROC curve, the sensitivity is plotted in function of the ͑1 − specificity͒ for different operating points. Each operating point on the ROC plot represents a sensitivity/specificity pair corresponding to a particular decision threshold. The perfect discrimination is a ROC curve passing through the upper left corner or coordinate of ͑0, 1͒ of the ROC space. Therefore, the closer the ROC curve is to the upper left corner, the higher the overall accuracy of the test ͑maximum sensitivity and specificity͒. In this study, the threshold value was selected as the operating point closest to the coordinate of ͑0, 1͒. In other words, the threshold value had the shortest Euclidean distance between the selected operating point and the coordinate of ͑0, 1͒. The positive predictive value ͑PPV͒ and negative predictive value ͑NPV͒ were the proportions of breast tumors with positive and negative test results that were correctly diagnosed, respectively. However, these measures depended on the prevalence of the disease. The Matthews correlation coefficient ͑MCC͒ is a powerful accuracy evaluation criterion. Especially, when the number of negative samples and positive samples are obviously unbalanced, MCC gives a better evaluation than overall accuracy. 5 The MCC takes a value from Ϫ1 to +1, with +1 representing a perfect prediction. Moreover, the area ͑A z ͒ under the ROC is a convenient way of comparing classifiers because it is independent of the decision threshold. The 95% confidence interval of A z was used to describe that 95% of the sample estimate matched the true value in the whole population.
III. RESULTS
To quantitatively describe all parameters, Fig. 6 shows box plots for the distributions of HOM, CON, ENE, VAR, and m parameters in benign and malignant breast masses. In Table I , a probability ͑p͒ value smaller than 0.05 indicates that the parameter can effectively distinguish between benign and malignant tumors. The average HOM estimates of benign and malignant tumors were 0.87 and 0.89, respectively ͑p = 0.028͒, which indicates that the latter were generally more locally homogeneous. In addition, the average CON estimates of benign and malignant tumors were 0.27 and 0.23, respectively ͑p = 0.039͒, indicating that the contrast was lower for the latter. The ENE and VAR estimates were also found to be suitable for classifying benign and malignant tumors. The average ENE estimates were 0.42 and 0.37 for malignant and benign tumors, respectively ͑p = 0.04͒, and the corresponding average VAR estimates were 7.79 and 10.24 ͑p = 0.04͒. The average m parameters for benign and malignant tumors were 0.68 and 0.54, respectively ͑p = 0.02͒.
The performance of each parameter in distinguishing between benign and malignant tumors was also evaluated by ROC curve analysis. A z was highest for the m parameter at 0.85Ϯ 0.04 ͑meanϮ standard error͒. The VAR parameter had an A z value of 0.83Ϯ 0.04, whereas the HOM, CON, and ENE parameters had A z values of 0.69Ϯ 0.05, 0.68Ϯ 0.05, and 0.72Ϯ 0.05, respectively. These results suggest that m and VAR are better than the other parameters at characterizing breast tumors. The VAR parameter had the highest accuracy ͑80.0%͒, highest specificity ͑87.3%͒, and highest MCC ͑0.61͒, although its sensitivity was a little low ͑72.7%͒. Both the m and CON parameters had the highest sensitivity ͑78.2%͒, but the specificity was weaker for CON ͑58.2%͒ than for m ͑74.5%͒. These findings imply that using an individual parameter could provide either good sensitivity or good specificity.
We now consider the usefulness of the proposed concept of combining texture-feature parameters with the Nakagami parameter in classifying breast tumors. The texture-feature parameters selected for combination should be independent, uncorrelated, and complementary. Scatter graphs indicated the correlations between texture-feature parameters and illustrated the visual pattern of benign and malignant tumors with two selected parameters ͑see Fig. 7͒ . The database was displayed as a collection of points; the position of each on the horizontal axis was determined by the value of one parameter and that on the vertical axis determined by the value of the other parameter. Benign and malignant tumors were identified definitively by pathological examination. There was a strongly negative correlation between the HOM and CON parameters since the Pearson correlation coefficient ͑CC͒ value was Ϫ0.99, as indicated by the pattern of data points in Fig. 7͑a͒ being tightly clustered and sloping from upper left to lower right. In contrast, the HOM parameter was positively correlated with ENE ͑CC= 0.93͒, as shown in Fig.  7͑b͒ . The correlations of the VAR parameter with CON and ENE were weaker ͑CC= 0.75; Ϫ0.85͒, as shown in Fig. 7͑c͒ and 7͑d͒. We used FLDA to sets of selected texture-feature parameters and assessed their performances using ROC curves. FIG. 8 . ROC curves when using the best set of texture features ͑i.e., CON, ENE, and VAR͒ and when also including the Nakagami parameter ͑i.e., m, CON, ENE, and VAR͒ to classify benign and malignant breast tumors. The performance was best for the texture-feature parameters set that included CON, ENE, and VAR; the results are presented in Fig. 8 and Table II . The A z value was higher for this set ͑0.85Ϯ 0.04͒ than for other different sets. We found that this set provided a specificity of 87.3% compared to 58.2% for when using only CON and 65.5% for when using only ENE. However, this set had a low sensitivity of 70.9%, which would adversely affect the ability to identify malignant tumors. This may be due to the different texture-feature parameters representing the same physical characteristic, resulting in information overlap after combining the parameters.
However, the m parameter corresponds to a different physical characteristic and the scatter graphs in Fig. 9 indicate that CON, ENE, and VAR were not correlated with m. ͑CC= 0.15; Ϫ0.15; 0.23͒ Hence, combining the m parameter and the best set of texture-feature parameters ͑i.e., m, CON, ENE, and VAR͒ should be optimal for improving the performance for classifying breast masses. This combination exhibited an accuracy of 88.2%, a specificity of 89.1%, a sensitivity of 87.3%, a MCC of 0.76, and an A z value of 0.94Ϯ 0.02. This strongly supports the proposed concept that using texture analysis and the Nakagami parameter to characterize breast tumors can provide better sensitivity and specificity, thereby enhancing the ability to diagnose malignant and benign tumors simultaneously. Moreover, the best set of features that did not include the m parameter was compared to the best set that included m. This difference was demonstrated by comparing the areas under the ROC curve, for which p = 0.003 and the 95% confidence interval was 0.03-0.15. This result indicates that including m provided significant better performance.
IV. DISCUSSION AND CONCLUSIONS
The usefulness of an individual parameter depends on the physical characteristics it represents and combining parameters could result in information overlap when the represent the same physical dimension. Equations ͑2͒ and ͑3͒ indicate that HOM and CON are both related to the difference between a set of pixels and they have a negative relationship. Malignant breast tumors are generally more locally homogeneous in a globally complex area and thus have higher average HOM and lower average CON estimates than benign tumors. In contrast, VAR is independent of HOM and CON due to it having low spatial frequency dependence. Most of the benign tumors in the present study were fibroadenomas, which comprise glandular tissues and some local fibrous tissues, 31 resulting in their gray-level values differing more from their global means; that is, VAR estimates are higher for benign tumors than for malignant tumors. Moreover, the VAR parameter is better for diagnosing benign tumors than malignant ones. In contrast, the m parameter is more useful for diagnosing malignant tumors due to its sensitivity being higher than its specificity. The degrees of angiogenesis, cellularity in the stroma, and fibrosis formation may differ between malignant and benign tumors. [32] [33] [34] In contrast to fibrosis, the cellularity of a malignant tumor makes it soft, easily accessible, and rich in cellular information. Thus, a malignant tumor may have a different, more complex structure and calcification patterns that contribute to a much higher degree of variance in the scattering cross-section, corresponding to a higher degree of a pre-Rayleigh distribution for the backscattered envelopes ͑i.e., much smaller Nakagami parameters͒.
This study explored a novel method of combining the structure texture using selected texture-feature parameters and the scatterer properties using the Nakagami parametric image in order to characterize benign and malignant breast tumors. Combining multiple features has previously been suggested for improving the diagnosis of breast tumors, but most studies used the morphology and texture features to classify breast tumors, which can be greatly influenced by the imaging processes, system settings and user operations. 35 The Nakagami parametric image is relatively independent of system parameters and hence is useful for identifying differences in scatterer properties between benign and malignant tumors. The Nakagami parameter reflects the statistical distribution of the backscattered signals, which is correlated with the concentrations, arrangements, and other properties of structures within a scattering medium. In addition, the Nakagami parameter could be regarded as an additional physical dimension because the best set of texture features that included the Nakagami parameter produced an accuracy of 88.2%, a specificity of 89.1%, and a sensitivity of 87.3%.
These values support the concept of texture analysis and the Nakagami parametric image being functionally complementary and indeed able to improve the performance in classifying breast tumors. However, other characteristics of breast tumors, such as their morphology and hardness, are also important in a diagnosis. Therefore, future research should consider using multidimensional analyses, which could result in widespread clinical applications in the fields of tissue differentiation and pathological changes. 
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